Satellite remote sensing provides a synoptic view of the land and a spatial context for measuring drought impacts, which have proved to be a valuable source of spatially continuous data with improved information for monitoring vegetation dynamics. Many studies have focused on detecting drought effects over large areas, given the wide availability of low-resolution images. In this study, however, the objective was to focus on a smaller area (1085 km 2 ) using Landsat ETM+ images (multispectral resolution of 30 m and 15 m panchromatic), and to process very accurate Land Use Land Cover (LULC) classification to determine with great precision the effects of drought in specific classes. The study area was the Tortugas-Tepezata sub watershed (Moctezuma River), located in the state of Hidalgo in central Mexico. The LULC classification was processed using a new method based on available ancillary information plus analysis of three single date satellite images. The newly developed LULC methodology developed produced overall accuracies ranging from 87.88% to 92.42%. Spectral indices for vegetation and soil/vegetation moisture were used to detect anomalies in vegetation development caused by drought; furthermore, the area of water bodies was measured and compared to detect changes in water availability for irrigated crops. The proposed methodology has the potential to be used as a tool to identify, in detail, the effects of drought in rainfed agricultural lands in developing regions, and it can also be used as a mechanism to prevent and provide relief in the event of droughts.
INTRODUCTION
Droughts occur in all climatic zones and are mostly related to the reduction of precipitation received over an extended period, such as a season or a year [MAHMOOD et al. 2015; SAADAT et al. 2011; SIERRA-SOLER et al. 2015] . The impacts of a drought increase slowly and often accumulate over many months, and may linger years after the end of the drought [BELAYNEH et al. 2014; SAADAT et al. 2014] . Unlike other natural hazards, the impacts of droughts are often spread over large geographical areas. Droughts rank first among all natural hazards when measured in terms of the number of people affected DOI: 10.1515 /jwld-2015 -0014 [HEWITT 1997 MISHRA, SINGH 2010; OBASI 1994; WILHITE et al. 2007] , which emphasizes the importance of investigating how this natural phenomenon disturbs ecological and socio-economic systems [DANESHMAND et al. 2014; NAMDAR et al. 2014; NIAZI et al. 2014] .
Droughts affect virtually all regions; however, they do so in such a variety of ways that each system often has its own concept of drought, and its own criteria for gauging the severity of drought. Defining drought is therefore difficult [REDMOND 2002 ], since it is relative to the system of interest. Differences in hydro-meteorological variables and socio-economic factors as well as the stochastic nature of water demands in different regions around the world have become an obstacle to having a universal definition of drought [MISHRA, SINGH 2010] .
This study focused on developing an original methodology for investigating agricultural drought in semiarid developing regions where drought poses a significant threat to rainfed smallholder farmers. The methodology was tested in central Mexico but has the potential to be used in other regions with similar conditions. Rainfed agricultural production in these areas is focused mainly on producing self-sufficiency crops for the poorest sectors in society that depend on this economic activity. Agricultural drought occurs when there is not enough available plant soil moisture in the root zone [JOHAN 2003 ]. Agricultural drought is generally characterized by two key factors: the estimated water demand and expected water supply. The formulation of these key factors for a region largely depends on the agro-climatic conditions [YUREKLI, KURUNC 2006] . The capacity of soils to retain and release water depends on factors such as soil texture, depth, structure, organic matter content, and biological activity [BOT, BENITES 2005] .
Remotely sensed approaches have been used to detect agricultural drought, and are often associated with image reflectance using spectral indices to indicate vegetation condition such as the normalized difference vegetation index NDVI, and soil/vegetation wetness such as the normalized difference wetness index NDWI and the tasseled cap wetness TCW, described below.
The normalized difference vegetation index NDVI is a spectral index that has been shown to be highly correlated with parameters associated with plant health and productivity, and has been widely used for drought detection [BARBOSA et al. 2006; KOGAN 1995a; LENNEY 1995; PETERS et al. 2002; RAHIMZADEH-BAJGIRAN et al. 2012] . The NDVI has been used successfully to identify stressed and damaged crops and pastures but interpretive problems arise when results are extrapolated over nonhomogeneous areas. NDVI has two components: ecology and weather. The need for multi temporal NDVI analysis for detecting drought is because in any single NDVI image in a given growing season, barren fields may be indistinguishable from temporarily fallow healthy fields, and immature crops with low-density cover could be confused with poor crops [LENNEY et al. 1996] . Therefore, when NDVI has been used for the analysis of weather impact on vegetation, the weather component must be separated from the ecosystem component [RAHIMZADEH BAJGIRAN et al. 2008] . It has also been found that NDVI correlates with net primary production, biomass, vegetation fraction, and yield [GOWARD et al. 1985; LENNEY et al. 1996; MASELLI et al. 1992; QUARMBY et al. 1995; RASMUSSEN 1992; UNGANAI, KOGAN 1998 ].
The NDWI proposed by GAO [1996] can be obtained using the near infrared NIR and shortwave infrared SWIR channels. Gao found that NDWI is a measure of liquid water molecules in vegetation canopies that interact with the incoming solar radiation, and is less sensitive to atmospheric scattering effects than NDVI. GU et al. [2007; evaluated the relationship between NDVI and NDWI using MODIS 500-m satellite imagery in Oklahoma and Kansas, USA. They found good correlation between the two indices; they also found that NDWI was more sensitive to drought than NDVI. RHEE et al. [2010] sought to identify a drought index that had the possibility to be used for agricultural drought monitoring in arid/semiarid regions, as well as humid/sub-humid regions, while also using MODIS data. They found that NDWI has a better response in arid/semiarid regions than in humid regions when detecting drought because of good correlations with other precipitation and temperature indices. It is convenient to detect drought at larger scales using coarse resolution imagery such as MODIS; however, this approach cannot provide detailed land cover response to precipitation anomalies.
In semi-arid developing regions, medium resolution remotely sensed data has been used to assess the impacts of drought. VANDERPOST et al. [2011] used Landsat imagery to assess the long-time condition of rangeland in semiarid areas of Botswana. By calculating vegetation indices, they found significant degradation in vegetation corresponding to the droughts between 1984 and 2000. The technique used was limited by the many gaps in the long-time coverage, and hence there was a lack of continuity in terms of change.
The tasseled cap transformation TCT has been widely used for vegetation mapping and monitoring land cover change [FADHIL 2011; JIN, SADER 2005; OETTER et al. 2001] . The TCT of Landsat thematic mapper consists of six multispectral features, all of which could be potentially differentiated in terms of stability and change in a multitemporal data set [JIN, SADER 2005] . The first three features have been labeled brightness, greenness, and wetness (band 1, 2, and 3, respectively). The third feature, wetness, has been shown to be sensitive to soil plant moisture [JIN, SADER 2005] . Tasseled cap wetness TCW contrasts the sum of the visible and the near-infrared bands with the sum of the shortwave bands [JIN, SADER 2005] .
The NDWI and TCW have both been used in studies to detect drought or disturbance in ecosystems. JIN and SADER [2005] used a time series of both NDWI and TCW derived from Landsat to compare forest disturbances in Maine, USA. They found high correlations (>0.95) between the two indices. FADHIL [2011] used NDWI and TCW to detect drought effects on vegetation in the Iraqi Kurdistan region. He derived both spectral indices from two Landsat images from consecutive years to calculate five vegetation and soil/vegetation moisture indices and performed change detection. This study did not include a classification of the vegetation, so it is unclear how the different kinds of vegetation were affected by the drought.
The response to drought effects is differentiated by the vegetation cover, but none of the abovementioned spectral indices has the potential to classify on their own crops from other classes. The knowledge of Land Use Land Cover LULC plays an important role in identifying areas where the effects of drought can cause damage in ecosystems and in agricultural lands. The identification of rainfed crops and dynamics over different precipitation conditions has not been thoroughly and explicitly explored in the past. In this study, the delineation accuracy of agricultural lands and specifically where dry-land farming is practiced was of great importance. There are many approaches that have been used to associate image reflection data with vegetation characteristics. Over the last decades, various studies have shown the efficacy of satellite imagery in characterizing vegetation cover [DE ASIS, OMASA 2007; FOCARDI et al. 2008; JOSHI et al. 2006] forests [LABRECQUE et al. 2006; SIVANPILLAI et al. 2007] and crops [COHEN, SHOSHANY 2002; WARD-LOW et al. 2007] . Additionally, several authors have used LULC maps in satellite based agricultural drought monitoring [DIOUF, LAMBIN 2001; RHEE et al. 2010; WILHELMI, WILHITE 2002] .
In this study, the objective was to develop an original methodology to acquire very accurate Land Use Land Cover LULC maps to report in depth the effects of drought in rainfed agricultural lands in Central Mexico. Given the advent of climate change and increasingly severe extreme events such as droughts in many different parts of the world [ADAMOWSKI et al. 2009; 2012a, b; ADAMOWSKI, PROKOPH 2013; ARAGHI et al. 2015; CAMPISI et al. 2012; HAI-DARY et al. 2013; NALLEY et al. 2012; 2013; PINGALE et al. 2013; TIWARI, ADAMOWSKI 2013] , these types of maps will be useful in helping to manage water resources more sustainably [BUTLER, ADAMOWSKI 2015; HALBE et al. 2013; INAM et al. 2015; KOLIN-JIVADI et al. 2014a, b; MEDEMA et al. 2014a; b; STRAITH et al. 2014] . Four medium resolution Landsat ETM+ images were used, corresponding to early and late summer. According to local farmers, during the early summer in a normal year vegetation is usually in development and then progresses to maturity through the end of the same season. This season in central Mexico corresponds to June and August, and the years analyzed in this study were 2000 and 2005. These specific years were chosen based on a previous study for the same study area by SIERRA-SOLER et al. [2015] that analyzed Standardized Precipitation Index SPI trends for the period 1975-2013. In this study, the year 2000 consistently showed positive values of SPI (normally wet conditions) and 2005 continually showed negative SPI values (corresponding to abnormally dry conditions). After the classification of the four images was completed, spectral indices indicating vegetation condition NDVI and soil/vegetation moisture (NDWI and TCW) were calculated. The classification helped to interpret how different vegetative covers were affected by the low precipitation registered in 2005. This methodology has the potential to be used as a tool to identify, in detail, the effects of drought in rainfed agricultural lands in developing regions, and it can also be used as a mechanism to prevent and provide relief in the event of droughts.
STUDY AREA
The Tortugas-Tepezata sub watershed ( Fig. 1) is one of the sub-watersheds of the Moctezuma River, and is located in the state of Hidalgo in central Mexico. The Moctezuma River is inside the Panuco Hydrological Region that flows from the Valley of Mexico into the Gulf of Mexico. The Panuco River Hydrologic Region covers most of the state of Hidalgo, with runoff coefficients in the range of 20 to 30% [CONANP 2003 ]. This hydrologic region has been divided into two: High Panuco and Lower Panuco. The study area is in the first, the High Panuco.
The interest of studying this semiarid area of central Mexico is due to the importance of rainfed agriculture in the region. Even though there are other economic activities such as tourism, the majority of the rural towns in the area depend directly or indirectly on Fig. 1 . Location of the study area; source: own elaboration local agriculture for food security. Furthermore, social exclusion, poverty, illiteracy, and access to services make this particular region vulnerable in the event of droughts.
The Metztitlán basin, along with Tortugas Tepezata basin, originates in the Amajac River. The main feature of the sub watershed is the river canyon that flows 100 km. There are three major sections: the first entry to South Canyon with the Rio Grande Tulancingo, the second at the junction with the San Sebastian River and Venados River, and the third starts at District 08 Metztitlán (the Metztitlán River), north of the sub-basin. This river runs SE to NW, and the N flows into the Metztitlán Lagoon north of the Tortugas-Tepezata watershed. In the geological past, the river ran without forming the lagoon, but during the Holocene the Cerro El Tajo suffered a massive collapse forming the reservoir [CONANP 2003 ]. The climate is generally warm, dry, and semidry in different parts, which is determined by the rain shadow effect the Sierra Madre Oriental has on this region. The mean annual temperature is around 20-24°C. In the rainy season, during the summer, trade winds release their moisture on the windward side and the elevated parts of the mountain range, where forests are pine and oak, among other cold temperate vegetation [CONANP 2003 ].
In Mexico, drought monitoring at the national scale is performed via the North America Drought Monitor (NADM), which is a cooperative effort between drought experts in the United States, Mexico, and Canada. The data produced by NADM focuses only on three data driven indexes: the SPI, the PDSI, and the Percent of Average Precipitation. Other studies in Mexico have reported qualitative drought impacts, documenting smallholder rainfed maize production and climatic risk [EAKIN 2000 ], climate change impacts on food security [APPENDINI, LIV-ERMAN 1994] , estimates of the effects of El Niño Southern Oscilation (ENSO) on crop yield, and vulnerability and adaptation to drought [LIVERMAN 1990 ]. However, very little has been done in the region using remotely sensed data in combination with meteorological analysis to estimate the effects of drought on rainfed agricultural production, making this study both original and significant.
MATERIALS AND METHODS

MATERIALS
1. Four Landsat ETM+ Satellite Images: corresponding to the available images for the initial and final stages of summer (June 25 and August 28, 2000 and June 07 and August 10, 2005). These images were chosen because they were all the images available that were clear from clouds for the desired period. Each scene selected included the entire surface of the study area. The scenes were carefully selected for different periods of time according to the different seasons that represented different stages of vegetation development. This was done with the purpose of comparing rainfed crop conditions in seasons with normal versus dry precipitation conditions. 2. Two digital ancillary layers were also collected to assist in the interpretation and classification of the remotely sensed data. These were a 1:25 000 topographic map, and a 1:50 000 scale climatic zone map. These maps were used to follow SAADAT et al.'s [2011] methodology for the development of the LULC maps.
3. Ground Truth Data: 132 samples were collected via fieldwork across all the study areas where roads permitted access. Each sample comprised cataloguing different land use and land cover classes that were used to create ground truth maps for assessing the accuracy of the supervised classification performed by the remote sensing software (explained below). The visits were performed accompanied by a hired native guide and driver familiar with the area, and with a good understanding of the local agricultural practices. Farmers, residents, and local authorities were engaged in conversation with the intent of investigating agricultural practices, past natural disasters (such as droughts, fires and floods) and land use changes in the past 10-15 years.
4. ERDAS Imagine (version 8.7) and Arc Info (version 9) software were used for image classification, drought indices, processing, and data analyses.
LULC CLASSIFICATION
General description
Classification of Landsat ETM+ images following SAADAT et al.'s [2010] methodology proceeded in five general steps: (i) preprocessing of the images, (ii) random extraction of a training sampling location: an unsupervised classification and two digital ancillary layers served in identifying potential LULC areas to aid in identifying sampling points, (iii) supervised classification of the image into LULC classes, (iv) enhancement of the LU classification via image segmentation and zonal statistics, and (v) enhancement of the LC classification via NDVI. Each step is described below in detail.
Preprocessing images
The Landsat ETM+ satellite products have 8 individual bands, each representing different portions of the electromagnetic spectrum. The four Landsat ETM+ were subject to preprocessing, which consisted of several steps (Fig. 2) . Bands 1-5 and 7 range in the visible spectrum blue, green, red, near-infrared NIR, and mid infrared MIR, with 30 m of spatial resolution, a panchromatic band with 15 m band 8, and a thermal band with 60 m resolution band 6. Given the low resolution of the thermal band, 6.1 and 6.2 were not used. Bands 1-5 were combined into a multilayer im- age and the study area was clipped. Pan-sharpening (or image fusion) was performed with the objective of providing better image resolution. This was performed by fusing the 30 m resolution multilayer with the 15 m resolution panchromatic image. The PCA method was used because a major goal of this technique is to reduce data file size, while still retaining the spectral information of the six ETM+ bands [SAADAT et al. 2011] .
Atmospheric effects such as the amount of water vapor, distribution of aerosols, and scene visibility affect the raw imagery. Such effects were eliminated so that images taken in different times could be compared accurately.
The Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) atmospheric correction module in ENVI software was used for atmospheric correction to retrieve spectral reflectance data from the multispectral Landsat ETM+ images. Images were subjected to geo-referencing and image-to-image registration was performed. This process was verified by importing the tracks recorded from the GPS that were obtained during fieldwork as ground control points. After preprocessing of all images was completed, the study area was clipped from each scene.
Extraction of a training sampling location
Training samples were chosen to encompass a full variety of potential LULC classes such as forest, irrigated agriculture, pastureland, rainfed agriculture, shrubs, and water bodies across the study area. This process (Fig. 3) was performed by processing an unsupervised classification with 20 different classes with 95% of convergence threshold and maximum iterations of 10. This map was used as support to identify sampling locations across the study area, which was used to support the accuracy of the supervised classification. The total number of training sampling locations used for the study was 150; however, due to the inaccessibility of some of these areas, only 132 training sampling locations were recorded during the performed fieldwork during the months of January-March 2013. 
Supervised classification of the images into LULC classes
Six classes were identified to describe the rural landscape in central Mexico for the supervised classification (Fig. 4) . Land use land cover (LULC) was classified as follows: rainfed agriculture (RA), irrigated agriculture (IA), forest (F), shrubland (Sh), pastureland (P), and water bodies (W). SAADAT et al. [2011] further classified pasturelands and forests using differences in densities; however, for the purposes of this study, the process was not needed since the focus was to understand the response of rainfed agriculture to drought. To increase the accuracy of these maps, a χ 2 threshold at 90% confidence level was applied to the results. In this process, the identification pixels had a 10% chance of being misclassified. These pixels were put into class "0" and defined as "unknown" areas. These unknown areas were reviewed observing their spectral signatures and resampling adjacent areas. Again, a supervised classification was performed with the samples plus the spectral signature sampling points until only a small pixel group (about 1% of the total area) was left unclassified. 
Image segmentation and zonal statistics
In an effort to further increase classification accuracy, an image segmentation algorithm was applied to the Landsat ETM+ images (Fig. 5) using the Bonnie Ruefenacht algorithm [RUEFENACHT et al. 2002] . Image segmentation is a process used as a way of partitioning raster images into segments based on pixel values and locations. Pixels that are spatially connected and have similar values are grouped in a single segment to isolate objects of varying size, shape, and homogeneity. This algorithm merges groups of pixels into polygon objects (raster to vector format) but it is unable to classify them [SAADAT et al. 2011] , thus the need for combining the images with zonal statistical analysis.
The zonal statistics present a distribution of each LULC within each segmented polygon. The reason for image segmentation is to use the resultant polygon vector map in combination with the supervised classification raster map and zonal statistics to generate a new classified polygon map, the idea being to eliminate mixed pixels. It was found that for the six LU classes, the majority distribution was always more than 90% within any one segmented polygon. Thus, each segmented polygon was fully classified to the 90% majority, creating one layer for each of the six LU classes.
Assessing the accuracy of remotely sensed data
To evaluate the accuracy of the LULC maps that were processed, reference sampling locations were chosen to encompass the complete variety of the classes throughout the study area. Also, climate and topographic maps were taken into account to perform sampling. In total, 132 sites were extracted based on the stratified random sampling procedure. Each sample comprised cataloguing different land use and land cover classes that were used to create ground truth maps for assessing the accuracy of the supervised classification performed by the remote sensing software. The field work was performed accompanied by a hired local guide and driver who had significant knowledge of the area and of the local agricultural practices. Farmers, residents, and local authorities were interviewed with the intent of investigating agricultural practices, past natural disasters (such as droughts, fires and floods), and land use changes in the past 10-15 years. This process was recorded by importing the tracks and control points recorded from the GPS and complemented with photographic evidence. 
Spectral analysis for detecting drought effects on vegetation
A drought index is a prime variable for assessing the effect of a drought and defining different drought parameters, which include intensity, duration, severity, and spatial extent [MISHRA, SINGH 2010] . It should be noted that a drought variable should be able to quantify the drought for different time scales for which a long time series is essential. The most commonly used time scale for drought analysis is a year, followed by a month [MISHRA, SINGH 2010] . The yearly time scale can be used to abstract information on the regional behavior of droughts, while the monthly time scale is more appropriate for monitoring the effects of drought in situations related to agriculture, water supply, and groundwater abstractions [PANU, SHARMA 2002] . A time series of drought indices provides a framework for evaluating drought parameters of interest [MISHRA, SINGH 2010] . To encompass a drought's effects on the different classes of vegetation cover, two vegetation conditions and vegetation/soil moistures were chosen.
Normalized difference vegetation index NDVI
NDVI was designed on the premise that healthy vegetation has a low reflectance in the visible portion of the electromagnetic spectrum due to the absorption by chlorophyll and other pigments and high reflectance in the Near Infrared NIR because of the internal reflectance by the mesophyll spongy tissue of a green leaf. NDVI is calculated as the ratio of the red RED and the Near Infrared NIR bands of a sensor system, and is represented by the following equation [KOGAN 1995a] :
NDVI values range from -1 to +1. Because of high reflectance in the NIR portion of the electromagnetic spectrum, healthy vegetation is represented by high NDVI values between 0.05 and 1. Higher NDVI indicates a greater level of photosynthetic activity. Conversely, non-vegetated surfaces such as water bodies yield negative values of NDVI. Bare soil areas have NDVI values close to 0 due to higher reflectance in both the visible and the NIR portions of the electromagnetic spectrum [RAHIMZADEH BAJGIRAN et al. 2008 ].
The normalized difference water index NDWI
The normalized difference water index NDWI is a more recent satellite-derived index from the NIR and short wave infrared SWIR channels that reflect changes in both the water content and spongy mesophyll in vegetation canopies. NDWI is calculated as follows [GAO 1996 
where NIR is the Near Infrared band and MidIR is the Mid Infrared Band. Because NDWI is influenced by both desiccation and wilting of vegetative canopy, it may be a more sensitive indicator than NDVI for drought monitoring [MISHRA, SINGH 2010] . NDVI and NDWI sense similar depths through vegetation canopies. However, NDWI is less sensitive to atmospheric effects than NDVI. NDWI does not completely remove the background soil reflectance effects, similar to NDVI because the information about vegetation canopies contained in the 1.24 µm channel is very different from that contained in the red channel [GAO 1996] . For this reason, NDWI should be considered complementary but not a substitute for NDVI.
NDWI was calculated for the 18 Landsat ETM+ images. In the same way as previously done for NDVI, the NDWI output layers were divided by the LULC classes and in this way each class could be analyzed separately, and a NDWI time series per class was plotted with the purpose of discerning the different NDWI values per class in different stages of the growing seasons in the two dry and normal years.
Tasseled cap transformation wetness TCW
Numerous methods have been developed for transforming available information from multispectral sensors to derive features to interpret characteristics of the land surface. Such methods include the three indices based on ratios and differences of bands. The Tasseled Cap Transformation of Landsat Multispectral Scanner and Thematic mapper [CRIST, CICONE 1984] offers a way to optimize data viewing for vegetation studies.
The different bands in a multispectral image can be visualized as defining an N-dimensional space, where N is the number of bands. Each pixel, positioned according to its data file value in each band, lies within the N-dimensional space. This pixel distribution is determined by the absorption/reflection spectra of the imaged material. For viewing purposes, it is advantageous to rotate the N-dimensional space such that one or two of the data structure axes are aligned with the view X and Y axes. In particular, the axes that are largest for the data structure produced by the absorption peaks are of special interest for the application. Research has produced three data structure axes that define the vegetation information content. This option can show these three axes (or layers) as a degree of brightness, greenness, and wetness, as calculated by the tasseled cap coefficients used. Layer 1 (red) outputs the brightness component and indicates areas of low vegetation and high reflectors, layer 2 (green) is the greenness component and indicates vegetation status, and layer 3 (blue) is the wetness component that indicates water and moisture in the scene.
The tasseled cap transformation wetness TCW was used to determine the amount of moisture being held by the vegetation or soil, and was thus termed wetness [FADHIL 2009 ]. TCW images were derived from ETM images of the study area using the tasseled cap transformation algorithm with ER Mapper according to the following equation [JIN, SADER 2005 
where B, G, R, NIR, SWIR, and SWIR 2 are the Landsat ETM+ 6 bands, excluding the thermal bands and the panchromatic band.
Change detection
Change detection is the process through which changes in the state of a phenomenon are identified by observing it over repeated time intervals. Given the availability of repetitive coverage and a constant image quality, it is one of the main applications of remote sensing.
The change detection approach adopted in this study was a post-classification comparison followed by a change threshold algorithm. It consisted of using the spectral indices calculated (NDVI, NDWI and TCW) from the four Landsat ETM+ images and then the data classification to produce an image difference algorithm threshold calculation. The products from this procedure were the two change maps corresponding to the difference in values for the beginning and the end of the summer (June and August). Furthermore, to investigate and validate the changes in specific areas in rainfed agriculture, the 44 samples taken during the field work were used to extract the values of the spectral indices for the different images. The spectral index values for the same locations were compared and tested for significant differences for all pairs of images corresponding to a α of 0.01. Statistical significance was tested for the same months in different years.
RESULTS
LAND USE LAND COVER (LULC) MAPS
Four Land Use Land Cover Maps were processed from the Landsat ETM+ images. Based on groundtruth, the accuracy of the finalized LULC maps derived from the Landsat ETM+ images acquired for different periods of the year was calculated. LULC maps consisted of 6 classes (see Fig. 6 ) that mainly define this rural landscape in central Mexico: forests (F), irrigated agriculture (IA), pastureland (P), rainfed agriculture (RA), shrubland (SH), and water bodies (W). Due to the SLC-off, 15.95% of the pixels in the study area were lost for all images corresponding to 173.19 km 2 for year 2005. The use of SAADAT et al.'s [2010] methodology to process the LULC maps resulted in very high accuracy, ranging from 87.88% to Farmers have shaped the land to satisfy their needs and have altered the landscape to overcome abnormally dry conditions by building small dams and water reservoirs. Moreover, farmers have adapted management practices such as irrigating pronominally the most profitable crop in the region, which is alfalfa because of the importance of self-subsistence livestock in the region. Also, fertilizers and pesticides are used to increase yields. The importance of having very accurate maps is that when detecting change of spectral indices and then evaluating it for each class, the results provide a very precise insight on how the specific class behaved in the year, with an anomalous deficit of precipitation. Such evidence has the potential to be very useful for decision makers to provide solutions for local stakeholders depending on such activities. Note in Table 1 
NDVI RESULTS
In a previous study by SIERRA-SOLER et al. [2015] performed for the same study area as the present paper, a precipitation analysis using the Standardized Precipitation Index of monthly precipitation from January 1980 to December 2012 was performed. In this study the SPI was processed using this monthly data. The 9-month SPI compares the precipitation for that period with the same 9-month period over the historical record, and it is a good indicator of seasonal conditions affecting agriculture. The year 2000 was observed to have normal wetness conditions because it presented consistent positive results within approximately one standard deviation in the 9-month SPI values that increased in April, peaking in the month of June and then diminishing over the subsequent months. The year 2005 persistently showed consistently dry conditions throughout the 6 meteorological stations in the study area. This year presented values ranging from mild drought during the first months of the year, to extreme drought in May, June, and July, according to the SPI results recorded from meteorological stations.
During summer, rainfed crops in central Mexico can be expected to have developed and should be entering the mature stages by the end of summer to be harvested by September. NDVI change detection of the images corresponding to the initial final stages of summer was performed (Fig. 7) . The identified negative change in NDVI is significant in the two periods analyzed. For the month of June, most classes showed a significant decrease in NDVI values in most regions (Tab. 2). It was found that for NDVI in June, 85.69% of the vegetated areas (representing 749.99 km 2 ) decreased by 10% or more. Even though this decrease is relevant, it should be noted that there is an 18 day gap between the two images; however, there were no images available for closer dates to be compared. Low NDVI values mean there is little difference between the red and NIR signals. This manifestation of a negative change condition is therefore interpreted and associated with a lower photosynthetic activity of an important part of the study area that was analyzed. The August NDVI change map presented a less severe scenario of negative change; however, 74% of the total territory did experience at least some decrease in photosynthetic activity compared to the normal year. According to the LULC maps, rainfed agriculture represents approximately 58% of the total region, and for both periods analyzed these were the greatest extensions of land to have significant decreases in NDVI values (see Table 2 and 3). It can be noted that 28% of the area classified as rainfed agriculture had a slight positive change in NDVI. Forests also had a slight increase in NDVI, with an increase ranging between 1-9% of 71.12 km 2 of forested area. The area classified as rainfed agriculture (RA) presented significant NDVI change, representing more than 10% or more in negative change.
During fieldwork, 44 out of the 132 samples corresponding to rainfed agriculture were documented as ground truth data. Such samples were used to extract and compare NDVI values for the particular sampled points representing rainfed agricultural lands (Fig. 8) . The negative change in the mean values of NDVI for both dates is significant. During the month of June, there was no overlap of NDVI values, representing an evident decrease in vegetation health and a negative mean value of 19.34% for the sampled points. By August, even though there was an overlap of some of the samples taken, the mean value of all points was reduced by 16%. This indicates that the overall health of vegetation for the sampled locations just before the harvest was affected.
NDWI AND SOIL/VEGETATION MOISTURE
The normalized difference water index NDWI is a measure of liquid water molecules in vegetation canopies that interact with the incoming solar radiation. The NDWI algorithm was processed with the purpose of analyzing the trends in vegetation moisture in the study area in the months of June and August 2000 and 2005;  this was done during the summer period since rainfed crops in central Mexico have developed and entered the mature stages by the end of summer and are then harvested by September. Using the LULC classification, the NDWI statistics were extracted for each of the LULC classes. In this way, it was possible to verify the moisture trends of each class in different stages of the growing season (Fig. 9) . Each class had consistent patterns of mean NDWI throughout the 18 scenes, with values that slowly increased before the summer and continued to increase until they peaked in the month of August; they then decreased by November when the rainy season ended. All classes peaked in NDWI values during the summer months with the highest values during August. Rainfed agriculture and pasturelands consistently had the lowest values of NDWI, but followed the same trends as other classes.
The Change maps of NDWI were created (Fig. 10) . Similar to the NDVI, the identified negative change in NDWI was substantial in the two periods analyzed, and especially for June 2005. For the month of June, most classes showed a significant decrease in NDVI values in most regions (Tab. 4). It was found that for NDWI in June, 81.9% of the vegetated areas (representing 725.08 km 2 ) decreased by 10% or more. This manifestation of negative change condition is interpreted and associated with lower moisture in the vegetation of significant parts of the study area analyzed.
The case of August change was different. In this month, 20% of the study area had a significant decrease in NDWI values, while 64% had some decrease. For the area classified as rainfed agriculture, 84% had at least some decrease in NDWI; however, 20% of this area had a 10% or more decrease.
The NDWI did not show severe negative change for the month of August for most classes. The decrease (1-9%) could be dismissed; however, it is important to note that rainfed agriculture and pasturelands continuously showed the greatest negative response for the study period. 
TCW AND SOIL/VEGETATION MOISTURE
The results of the soil/vegetation moisture indicator TCW demonstrated a clear decrease in the soil/ vegetation during the period studied (Fig. 11) . This particular spectral index showed a very similar negative response for both months analyzed. A significant decrease in TCW was found for June (72.4%) and August (64.9%) for the whole study area (Tab. 5, 6 ). This represented 84% of the rainfed agriculture, which showed a decrease of more than 10% in TCW values. 
CONCLUSION
In many semiarid developing regions such as Central Mexico, droughts have the potential to cause crop failure and threaten food security for poor farmers. Rainfed agriculture is practiced widely in these regions, and consequently, poor smallholder producers are exposed to losing their self-sufficiency production. The innovative methodology proposed in this study had the objective of investigating rainfed agriculture response to dry conditions using remotely sensed data. Four Land Use Land Cover (LULC) maps were processed from single imagery using a new methodology, obtaining overall accuracies ranging from the lowest at 87.88% to the highest at 92.42%. The importance of developing high accuracy LULC maps is based on the fact that when detecting change of spectral indices and then evaluating it for each class, the results provide detailed insight on how specific classes develop in years with dry conditions. The period of study selected corresponded to the months of June and August (initial and final stages of summer) with the objective of understanding vegetation response to dry conditions at a crucial state of development. This period is where rainfed crops in Central Mexico are expected to have developed and entered mature stages by the end of the summer in order to be harvested by September. Three spectral indices (NDVI, NDWI, and TCW) were processed and analyzed to detect change of a normal and a dry year (2000 and 2005, respectively) .
All the spectral indices that were processed indicated a clear decrease in photosynthetic activity NDVI and soil/vegetation moisture (NDWI and TCW) for the year 2005 compared to 2000, particularly in the month of June. However, the negative change for the final stages of summer (month of August) should not be underestimated. Persistently, rainfed agriculture and pastureland were the classes that presented the greatest percentages of negative change in all the obtained indices.
The changes perceived in the values of NDVI, NDWI, and TCW supported the conclusion that vegetation condition was negatively affected by the low rainfall observed in the year 2005. In June 2005 compared to June 2000, the results showed that 85.7% of the total study area had a negative change in vegetation condition NDVI and also 81.8% vegetation/soil moisture NDWI. In both cases, the decrease was of 10% or more, providing evidence of drought presence. For August 2005 compared to August 2000, 74.3% of the total study area presented negative change (at least -5%) of vegetation condition NDVI and 83.4% of vegetation/soil moisture NDWI. There is an 18 day gap between the two dates compared; however, there were no images available for closer dates to be compared.
Droughts are difficult to define because of their intricate nature, the variables that influence the phenomenon, and the way they are perceived by the systems in the region of interest. The results presented in this paper could be compared to other semi arid areas; however, drought perception is different for every region because of the different water demand, ecosystems, and infrastructure. In summary NDVI, NDWI, and TCW post classification comparisons and image differencing techniques have proven to be useful methods for tracing environmental changes in the study area, and a similar approach could be explored in other regions.
The proposed methodology has several strengths and weaknesses. High accuracy maps enabled an understanding of how different classes of vegetation changed in condition and soil/vegetation moisture for specific key months of development. This detailed information has the potential to be used as background information for prevention and relief action. Vegetation and soil/vegetation moisture spectral indices used in this study have been very well documented in the literature and are pertinent to detect drought effects on vegetative cover.
The first disadvantage is the above-mentioned 18-day gap between the images analyzed. Furthermore, to quantify the severity of the drought studied in this paper, it should be compared with other periods where dry conditions were present. Landsat 8 was launched in February 11, 2013 and it will provide new imagery of the earth at medium resolution, which could have great potential to be used for drought mon-itoring in the future. Future research in the area should focus on comparing other dry events with the results obtained in this study, where significant environmental negative change was found related to dry conditions. Unlike other natural hazards, the impacts of drought are not reflected on infrastructure and spread over large geographical areas, which results in difficulty in the quantification of impact and for the provision of relief [MISHRA, SINGH 2010] . The present study found a negative response of vegetation and soil/vegetation moisture for the year 2005; however, further efforts must be made to understand longer time series of imagery to compare the response of this drought to others.
The results have the potential to be used as background information for decision makers such as the Water Council of the State of Hidalgo (CEAAH in Spanish) or the Water National Commission (CONAGUA in Spanish) to identify areas that are more prone to be vulnerable to droughts because of the meteorological and environmental context in which they are situated.
